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Cloud Mask (VCM) and a series of internal checks are applied to the aerosol product, resulting in each 141 pixel being given one of four quality designations. AOT is reported only for pixels in the two best 142 quality levels (good and degraded) and therefore these are the only pixels included in the aggregation 143 process, which also incorporates additional filtering and internal checks, producing a higher quality 144 product. 145 A full year of VIIRS IP AOT spanning the time from February 1, 2013 to February 1, 2014 was used to 146 compare against the MAIAC product. The selection of this time period was predicated by data 147 availability and maturity. The VIIRS Aerosol algorithm has undergone multiple upgrades since launch 148 to improve the accuracy and precision of its retrievals. One significant upgrade was a change to the 149 spectral reflectance ratios used in the land inversion which took place in January 2013 [Hongqing et al., 150 2013] . This greatly reduced the bias in the aerosol products over land and allowed the product to reach 151 'validated' status. Because data prior to this change becoming operational are still considered 152 'provisional', they were not included in this analysis. Officially, the version of the product used in this 153 study was given a maturity level of Validated Stage II in August 2014, meaning that it has been shown 154 to meet the performance thresholds [NOAA-NESDIS, 2014] using a moderate set of test data. There are 155 no such standards for the IP product; however it also meets the EDR requirements, making it suitable for 156 quantitative analysis. 157 Other significant changes have occurred to the AOT product after the time period used in this study 158 which had impacts on retrieval accuracy and to a lesser extent, spatial coverage. These include an 159 improvement in snow screening, spatial homogeneity tests, and the removal of the ephemeral water test 160 which often incorrectly screened out portions of heavy smoke plumes. Unfortunately due to the MAIAC 161 data record ending in mid-2014, data containing these fixes were not included in this analysis. AERONET is a global network of ground-based, automatic sky-scanning spectral radiometers used to 164 measure aerosol optical properties [Holben et al., 1998 ]. Developed and maintained by NASA, these 165 weather resistant sun photometers are a vital source of information for aerosol research and the 166 validation of satellite derived aerosol properties. The direct-sun measurements are used to compute the 167 column AOT at a variety of wavelengths from 340 -1020 nm, spanning a majority of the visible and 168 Near-IR spectrum. Angstrom Exponent (AE) is also retrieved using wavelength pairs in the 169 aforementioned range, along with the column water vapor. Level 2.0 AOT from AERONET sites in 170 North America are used to compare against both the MAIAC and VIIRS AOT to determine accuracy 171 and uncover any bias dependencies. Level 2 data has the highest quality assurance of all AEROENT 172 data and is cloud-cleared and fully calibrated [Smirnov et al., 2000] . The "ground truth" AOT at the 173 VIIRS and MAIAC wavelengths are computed using the AERONET AOT at 500 and 440 nm 174 respectively, using the AE retrieved in the 440-675 nm range. The Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) is an active lidar instrument aboard 177 the CALIPSO satellite. It provides vertically resolved information on clouds and aerosols using profiles 178 of attenuated backscatter at 532 and 1064 nm at an along track resolution of 333 meters and a vertical 179 resolution of 30 meters [Winker et al., 2009] . CALIOP is able to detect the number and extent of 180 features such as aerosol or cloud layers using the backscatter profiles [Vaughan et al., 2004] . The level 2 181 products are produced at the nominal resolution of 333 m as well as 1 and 5 km by aggregating 182 consecutive observations. For this study, the 1 km cloud layer products are used to verify the accuracy 183 of the MAIAC and VIIRS cloud masks and determine if any issues related to cloud screening are 184 influencing the analysis. A binary cloud mask is constructed from the 'Number of Layers Found' 185 dataset, which simply gives the number of cloud layers found within that 1 km profile. 
Daily gridding of VIIRS and MAIAC

188
Before assessing the MAIAC algorithm and how it compares to VIIRS, the datasets were gridded to 189 directly compare their spatial extent and the quality of AOT retrievals. A grid was constructed with a 190 0.25 o resolution in order to capture as much of the AOT spatial variability while limiting computational 191 cost. The shaded domain outlined in Figure 1 shows the extent of the grid whose domain is limited by 192 the MAIAC coverage over North America, which is largely confined to the Continental U.S. and
193
Mexico. The result is a grid with dimensions of 256 x 116, or a total of 29,696 grid boxes.
194
In order to compare the best retrievals from both algorithms, a set of quality checks were applied during 195 the gridding process. To start, data from both algorithms are restricted to the highest quality retrievals 196 over land. To avoid any possible cloud leakage, the candidate pixel was required to be confidently clear 197 and not be adjacent to a cloudy pixel in order to be used for gridding. Both MAIAC and VIIRS AOT 198 have an associated geolocation file which gives the center coordinates of each pixel. The gridding 199 process averages any valid pixels whose center lat/lon falls within the same grid box, and the number of 200 observations included in that average is recorded. These daily gridded datasets were then averaged to 201 look at statistics on the monthly to seasonal scale. 
Direct Comparison
203
Once gridding of the data was completed, the datasets were directly compared through analysis of un-204 paired seasonal AOT and looking at the differences in retrieval numbers. Due to the ability of MAIAC 205 to retrieve AOT over brighter surfaces, it was expected that it would have greater spatial coverage than 206 the operational VIIRS product, particularly in areas of sparse vegetation. 
Data coverage 208
Seasonal averages of AOT from MAIAC and VIIRS and the total number of retrievals per grid were 209 analyzed in order to get a sense of the differences in coverage, and gain insight into the retrieval strategy 210 and cloud screening of each algorithm. Figure 2 provides a look at the average of AOT (top) and 211 number of retrievals per grid (bottom) per season for each dataset. MAIAC has greater coverage and 212 more retrievals than VIIRS particularly across the western half of the CONUS. MAIAC coverage is 213 nearly complete during the summer and fall seasons, save for some inland water bodies and regions such 214 as Great Salt Flats (UT) and White Sands (NM), while VIIRS is not able to retrieve over the bright 215 surfaces that make up a large portion of the western U.S. This disparity in coverage is seen across all 216 seasons with the differences being greater during winter and spring due to seasonal phenology. There are 217 some similarities however; for instance during winter when neither MAIAC or VIIRS retrieve enough to 218 populate grids over the northernmost sections of the U.S. or the high altitude regions of the inter-219 mountain west. The reason for this is likely a combination of the solar zenith angle limits placed on 220 good quality data and near-constant snow cover in these regions during the cold season.
221
In terms of actual AOT values, Figure 2c highlights some differences between MAIAC and VIIRS.
222
While the spatial patterns are very similar between the two, VIIRS tends to retrieve slightly higher AOT 223 over many regions. Over urban areas or mountainous terrain, this difference can be quite large and is 224 noticeable in many seasons. In the springtime months, VIIRS AOT is also higher in the upper Mid-west 225 and Great Lakes region where melting snow is likely contaminating the pixels leading to a poor 226 retrieval. These anomalies associated with sub-pixel snow have since been addressed in the operational 227 VIIRS algorithm.
228
Looking collectively at the results of this comparison, there are some features present in multiple 229 seasons which emphasize the differences between the two algorithms and their pixel selection strategy.
230
The underlying surface reflectance plays an important role in coverage of both datasets. MAIAC has 231 shown the ability to retrieve AOT over the bright and soil dominated surfaces that are present across 232 much of the western U.S., while VIIRS is only able to retrieve over darker or vegetated regions. This is 233 also a problem in regions with high agricultural activity, such as the Lower Mississippi River Basin 234 where fallow land prevents VIIRS from consistently retrieving AOT in all seasons besides the primary 235 growing season (JJA). However surface reflectance alone cannot account for the differences in 236 retrievals seen in many other parts of the US throughout the year. 
Cloud Screening
238
In an effort to understand the difference in coverage and to determine how the cloud masks are 239 performing, data from MAIAC and VIIRS were collocated with the CALIOP instrument aboard the 240 CALIPSO satellite. First, the two cloud masks are converted to a binary mask with either a 'clear' or 241 'cloudy' designation. All datasets are subsetted to regions of overlap, after which the closest 242 MAIAC/VIIRS pixel to the CALIOP profile is found using a modified version of the nearest neighbor 243 approach utilized in similar comparison studies [Heidinger et al., 2012; Kopp et al., 2014] . Here we use 244 a time window of 10 minutes centered on the CALIOP observation time in order to avoid cases where 245 clouds detected by CALIOP have moved out of the MAIAC/VIIRS field of view. A maximum allowed 246 distance of one pixel width is used to ensure that the closest pixel is indeed chosen, this is particularly 247 necessary where the CALIOP profile passes from one tile/granule to the next. Collocation results 248 between the cloud masks and CALOP detection were compared and are presented in Table 1 as a 249 confusion matrix.
250
Our first observation from Table 1 is that a considerably higher number of collocations for MAIAC exist 251 than for VIIRS. This is not only due to MAIAC's increased retrieval numbers but the use of reflectance 252 data from MODIS, which is part of the A-train constellation [Stephens et al., 2002] and shares a similar 253 orbit and overpass time with CALIPSO. The VIIRS instrument flies at a slightly higher altitude and 254 therefore has a different orbital track, the consequence of which is a ground track that only coincides 255 closely with the A-train satellites once every few days.
256
To help determine the performance of each set of matchups we look at overall accuracy (Equation 1) 257 along with two additional statistical measures: the True Positive Rate (TPR), and True Negative Rate 258 (TNR) for which the formulas are given in Equations 2 and 3, respectively. The abbreviations used in 259 these equations are noted next to their respective statistics in Table 1 . A high TPR value indicates that 260 the cloud mask is able to limit the number of false negatives (type II error), which lead to cloud leakage 261 in the resulting product. Conversely, TNR is a measure of how good the cloud mask is at reducing the 262 number of false positives (type I error); these false alarms can reduce the number of high quality 263 retrievals and introduce sampling biases. Overall accuracy of the both the MAIAC cloud mask (MCM) and the VCM were found to be identical 271 ( due to the supposition they are cloudy. Monthly statistics for MAIAC show there is some seasonality to 277 the TNR since it does not fall below 71% for much of the year except during summer (JJA) when it is in 278 the 63%-66% range. The VCM displays a smaller difference between its error types with a TPR of 82% 279 and a TNR of 92%, and a more limited seasonal dependence. These results show that VIIRS is able to 280 strike a better balance between the Type I and Type II errors, while MAIAC's strength is its ability to 281 greatly reduce false negatives in the AOT record, thereby reducing bias.
282
In terms of these Type I errors, since the MCM operates at both the block and pixel level, it is possible 283 that diurnal convection produces sufficient cloud cover to cause the covariance between that block and 284 the clear-sky reference image to decrease to the point that it is deemed cloudy. Likewise, cumulus cloud 285 fields common over land during this season may be enough to trigger a cloudy designation for that pixel 286 from MAIAC, while the very narrow field of view of the CALIOP sensor may pass between these small 287 clouds leading to a conflicting collocation. Such instances of small clouds and sub-pixel clouds pose 288 problems for all types of cloud masks produced by passive sensors.
289
Seasonal statistics (Fig. 2) showed that MAIAC has a significantly greater number of high quality 290 retrievals than VIIRS in many U.S. regions, even those where the surface is not bright enough to keep 291 the algorithm from performing the retrieval. This would imply that either MAIAC is opting to retrieve 292 AOT in unfavorable conditions (presence of clouds/snow, etc.) or that VIIRS is failing to retrieve at a 293 high quality over these areas. The results of the matchups with CALIPSO seem to suggest the later, as 294 the MCM is being conservative in determining which pixels are cloud-free. Therefore, cloud screening 295 is not thought to be a substantial driver behind the differences in retrieval numbers; however other limits 296 placed on AOT retrievals within the algorithms may be playing a part in the spatial coverage.
297
Some recent preliminary analysis by the VIIRS Aerosol team into gaps in AOT over the CONUS has 298 shown that the most probable cause for the reduced number of high quality IP retrievals is the limited 299 14 AOT range (0 to 2); and more precisely in this case, the lower bound of zero. Unlike VIIRS, which 300 excludes the candidate pixel if the minimum residual corresponds to an AOT less than 0, MAIAC does 301 not reject pixels whose surface reflectance falls below the expected value when computed with an AOD 302 equal to 0. This happens on the occasion that the surface has changed significantly, or that the previous 303 surface characterization is not correct. In the event this situation occurs, MAIAC reports an AOT of zero 304 and then focuses on correcting the surface characterization with the next observation.
305
Large areas of missing AOT in VIIRS granules can be found in regions where the atmosphere is free of 306 clouds or visible aerosols, meaning that the AOT is too small (negative) to be given a quality level high 307 enough to be reported by the algorithm. This phenomenon is most prevalent in winter and spring when 308 the AOT loading is small, and tends to be enhanced when the surface is sparsely vegetated and being 309 viewed from the backscattering direction. In the recent VIIRS aerosol validation analysis performed by 310 Huang et al., (2016) it was shown that VIIRS is often negatively biased during the period from late fall 311 to early spring. Additionally, Liu et al., (2013) showed that VIIRS AOT tends to underestimate AOT 312 when the surface is soil dominated. These two conclusions from previous validation studies support the 313 notion that VIIRS has a tendency to retrieve more negative AOT when certain seasonal, geometric, and 314 surface conditions are present, which can lead to relatively large areas with limited to no retrievals. 315
Collocated retrievals of AOT
316
As noted in the previous section, VIIRS and MAIAC tend to characterize the spatial patterns of seasonal 317 AOT in similar ways. It also appears that MAIAC is generally a bit lower when compared to VIIRS, 318 especially in the warm season. Observations collocated in time and space are needed to make sure that 319 these two AOT products are being compared to one another under the same conditions. Therefore, the 320 gridded data are filtered so that only days when both algorithms have enough retrievals to populate the 321 grid cell are used in the analysis. Figure 3 presents the results of this collocation for the spring and 322 15 summer seasons when the differences between the two are greatest. While there is better aggrement 323 between MAIAC and VIIRS across much of the domain, the same trend of elevated AOT from VIIRS 324 over the larger urban areas persists. Summer is the season with the highest disparity between the two 325 algorithms, when a widespread difference between VIIRS and MAIAC is seen in the eastern half of the 326 domain. In Figure 3d , this difference is shown to be predominately ±0.1 or less; however there are small 327 isolated pockets of larger bias up to 0.5. In other seasons, there is little systematic disagreement between 328 the two with the exception of some high AOT from VIIRS over Montana and the Dakotas during the 329 spring season. This discrepancy between the two could be a result of cloud contamination, or differences 330 in surface characterization.
331
Those areas where VIIRS is significantly higher than MAIAC are likely caused by the underlying 332 surface since many of these anomalies are predominately located over heavily urbanized areas and 333 mountainous terrain. There are also smaller differences which are not as persistent but cover larger 334
areas. An example of this can be seen in the summer season where VIIRS AOT in the eastern half of the 335 U.S. is ubiquitously higher than MAIAC. Aerosol type and concentration can be widely different based 336 on region, and problems characterizing these differences may be caused by certain underlying aspects of 337 the aerosol algorithms.
338
One such component of the algorithms that could be responsible for the regional contrast is the different 339 aerosol models used to retrieve AOT. MAIAC uses a dynamic model where physical parameters can 340 change based on the magnitude of AOT. Volumetric concentrations of the fine and coarse particles can 341 also be varied, thereby allowing for a wider range of size parameter to be simulated. In addition,
342
MAIAC uses a background aerosol model that is tuned regionally based on AERONET optical thickness 343 measurements. As a global product, VIIRS on the other hand uses five predefined aerosol models which 344 have bimodal size distributions and static volumetric concentration parameters for each of the models 345 and both particle sizes. Although not related to the aerosol models themselves, VIIRS also uses a globally constant surface reflectance ratio to compare against the retrieved reflectance. This lack of 347 accounting for such variations in surface type was discussed by Liu et al., (2013) as a potential source of 348 regional bias in the AOT retrievals. In that analysis it was also found that VIIRS is biased high in the 349 Eastern U.S. when compared to both AERONET and MODIS. Together, these differences in aerosol 350 models and surface characterization are capable of producing the regional variations in AOT retrieved 351 from MAIAC and VIIRS. AERONET. The greater number of MAIAC matchups is further evidence of its coverage and ability to 375 retrieve over the brighter surfaces over which many AERONET stations in the western U.S. are located.
376
In Figure 5 , we highlight the dependence of the AOT bias on the magnitude of AOT by plotting the 377 differences between VIIRS and AERONET at 25 AOT bins of increasing size. The typical error
378
(median of all matchup errors) is often less than ±0.05 with the exception of the strong negative bias for 379 both products during times of high aerosol loading, with MAIAC having slightly greater bias as AOT 380 increases. The spread of VIIRS errors however is much greater than those for MAIAC as evidenced by 381 the larger quartile ranges in most bins and the much higher maximum errors seen at low AOT.
382
Aerosol type is also an important consideration when evaluating the AOT retrievals since the chosen 383 aerosol model determines the spectral dependence of AOT. This spectral AOT can act as a proxy for 384 particle size, and the Angstrom Exponent (AE) is often used to qualitatively describe this spectral 385 dependence [Angstrom, 1929] . AE for coarse mode particles such as dust tend to be < 1, while finer shown by the regression line. MAIAC however does have some issues retrieving accurately during high 394 aerosol loading of coarse or mixed particle sizes (AE between 0.5 and 1.75). Figure 6 also reaffirms the 395 results portrayed in Figure 4 , however it shows that the larger biases tend to occur when the aerosol 396 particle size is large, or when the concentration of coarse and fine particles is mixed. Both algorithms 397 appear to perform quite well during cases of smoke or urban pollution. 
Dependence of AOT on Viewing Geometry and Surface Reflectance
406
In an attempt to ascertain which conditions might cause biases in the AOT retrievals, we look at how As noted previously, there is some dependence on sun-sensor geometry for both of the algorithms 434 analyzed here. Notably, there is a large difference in the level of dependence between retrievals in the 435 back-scattering direction (RAA < 90°) and the forward-scattering direction (RAA > 90°) for VIIRS. The scattering direction, and some dimming in the forward-scattering direction [Roujean, 1992] . MAIAC, 441 through its use of the BRDF when retrieving AOT, attempts to account for and mitigate these effects.
442
Based on the results in Figure 7d , it appears as though it is able to remove much of this dependence;
443
VIIRS meanwhile, because of the assumption of a Lambertian surface, produces AOT with higher 444 biases.
445
To see how each algorithm handles these changes the matchups for surface reflectance have been further 446 stratified based on the scattering direction (using RAA of 90° as a separator). The resulting biases and 447 histograms for both directions are given in Figure 8 . VIIRS dependencies are similar regardless of the 448 scattering direction, although errors are markedly higher in the forward-scattering direction for brighter 449 surfaces. On the other hand, the dependency for MAIAC does look quite different depending on the 450 scattering direction. MAIAC errors are near zero over dark surfaces in the back-scattering direction, yet 451 quickly become negative as the surface gets brighter. In the forward-scattering direction, a rather 452 consistent negative bias around -0.05 is found until surface reflectance surpasses 0.12, when it becomes 453 more varied. Comparing these two panels to Figure 6d , we see that the back-scattering retrievals tend to 454 dominate the overall signal due to nearly two-thirds of the retrieval matchups falling within this relative 455 azimuth range; with the only exception being the bright surfaces where MAIAC has few valid retrievals.
456
The histograms also show that MAIAC has some offset in the surface reflectance of its retrievals in both 457 directions when compared to VIIRS. This is likely a result of including the BRDF in its retrieval strategy 458 which accounts for the effects of sun and satellite geometry thereby reducing the brightness in the 459 backward direction and increasing it in the forward direction. showed that SRC does vary slightly with viewing geometry, and that the use of an average SRC value 465 will cause the algorithm to overestimate surface reflectance in the forward direction and vise-versa for 466 back-scattering geometries. This reduced brightening in the backward direction and increase in the 467 surface reflectance in the forward scattering direction relative to VIIRS is evident in the histogram 468 offsets seen in Figure 8 .
469
The consequence of this would be an underestimated AOT in the forward-scattering direction, and 470 overestimation in the back-scattering direction, however we only find a consistent negative bias in the 471 forward direction. In the back-scattering direction, the surface tends to be brighter due to reduced found to be larger in this case. This is not surprising as more noise is expected in the pixel-level IP AOT 482 data, which does not have the benefit of aggregation and further screening. Even with that in mind, the 483 level of bias seen in this study for VIIRS products is concerning since data at this product level is useful 484 to the air quality community who require highly accurate data for their applications. Therefore, a brief 485 attempt was made to uncover additional sources of bias to those already established by previous studies.
486
In 2013, a few large historical wildfires took place in North America with one such fire being the Rim 510 fire, which started on August 17th near Yosemite National Park and burned for over two months. Figure   511 9 shows a VIIRS true-color image over the Western U.S. from August 25 th along with AOT from VIIRS 512 and MAIAC. The two products agree well over regions where both have retrieved AOT, however 513 differences do exist. VIIRS IP AOT is higher over the thickest parts of the smoke plume and is noisier, 514 however this is expected since it is a pixel-level product while the MAIAC AOT has the advantage of 515 using gridded MODIS reflectance, and much of the information used to perform the retrieval is supplied 516 from processing at the block-level.
517
Just as the analysis in section 3 showed, VIIRS coverage over brighter surfaces is limited compared to Given that strong AOT bias dependencies exist in both the viewing geometry and AOT itself, a second 527 case representing a more moderate aerosol loading scenario was investigated. Figure 10 There is large seasonality however, with minor differences for winter and fall, and larger separation seen 556 in the summer season.
557
In order to conduct a more robust accuracy assessment including the dependence of the algorithms on 558 viewing geometry and surface reflectance, both datasets were also evaluated against AERONET Level 2 559 AOT. MAIAC showed little dependence on viewing zenith, however there was some negative Table 1 . Confusion matrix showing the designation of pixels from each cloud mask associated with the 702 two algorithms compared with information on clouds from CALIPSO lidar taken as the "truth" datasets.
703
The abbreviations in parenthesis note the location of the following test outcomes for both sets of data: 
